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Abstract 


Research in the area of high speed real-time image/video pro- 
cessing has emphasized the need for parallel processing i.e. parallel 
architecture" and algorithms suitable for parallel implementation. In 
this thesis we discuss the configmation of a TMS320C40 DSP based 
real time image processing system where the processors are connected 
to form a Pyramidal architecture. This thesis also includes the hier- 
archical algorithms, a class of algorithms suitable for implementation 
on a pyramidal architecture. The hierarchical algorithms for straight 
line extraction, texture discrimination and optical flow estimation and 
their implementation on the hierarchical architecture are discussed. In 
the line extraction algorithm Hough transform is used for represent- 
ing the edge pixels. Signal-to-noise ratio of Hough transform is large 
for smaller image size. Thus in the hierarchical approach the image 
is divided into blocks and the results from the smaller blocks are com- 
bined and transfered to the higher levels in the pyramid. The processor 
at the apex(highest level) thus contains the description of the largest 
and strongest edges in the entire image. The texture discrimination 
algorithm uses the T.E.M. (Texture Energy Map) as the criteria to dis- 
cern the different textured portions. The T.E.M. provides an initial 
decomposition of textured images into its main components. The op- 
tical flow estimation is based on spatio-temporal gradient approach. It 



uses the interlevel motion smoothness constraint rather than the local 
smoothness constraint. The use of image pyramid enables us to esti- 
mate large flow vectors. The multigrid technique is employed to speed 
up the convergence of the algorithm by solving the optical flow problem 
in difiterent spatial frequency bands(pyramid levels). The results of the 
implemented algorithms are validated using different sets of images. 


VI 



Chapter 1 


Introduction 


Real-time image processing, in general, requires processing of large volume of 
data at a very high rate . This emphasizes the need for parallel processing archi- 
tectures as well as algorithms which can be mapped onto such architectures. It is 
well known that an image often contains large amount of redundant information both 
in spatial and spectral domain. For real-time image processing, the vision system 
must avoid or discard excessive details at the earliest stages of analysis so that smart 
sensing, which requires selective and task oriented gathering of information from the 
visual world, can be carried out. The pyramidal approach is one of the ways of 
implementing the above task. In this thesis we consider a hierarchical (Pyramidal) 
architecture for Real Time Image Processing (RTIPS) based on TMS320C40 DSP 
processors. The system is very cost-effective and is suitable for implementation of 


1 



CHAPTER 1. INTRODUCTION 


2 


hierarchical algorithms. An image pyramid is a sequence of copies of original image 
in which resolution and sample density are decreased in regular steps. The lower 
resolutions of the image pyramid contains less data so that by selecting only the 
relevent details the processing can be done. The human visual system uses the same 
strategy [1]. The goal of multiresolution representation is to describe the structure 
of the image by systematically removing the finer details. Thus the top layer or the 
apex is related to more global abstraction levels such as interpretation of the scene 
whereas the lower levels contain the detailed information of the image data. We 
consider the implementation of hierarchical algorithms for Line Extraction, Texture 
Discrimination and Optical Flow Estimation on the configured RTIPS. 

In images containing man made objects, the grey-level discontinuities lie mostly 
along straight lines. Therefore the detection of straight lines is an important task 
in many pattern recognition systems. In this thesis the pyramidal algorithm used is 
based on splitting the complete image into a number of sub-images. At the bottom 
level of the pyramid short line segments are detected by applying Hough transform 
to small size sub-images. The algorithm proceeds, bottom up, from this low level 
description by grouping line segments within local neighborhoods into longer lines. 
Line segments which have local support propagate up the hierarchy and take part 
in grouping at higher levels. The length of the line determines approximately the 
level in the pyramid to which it propagates [2]. The highest level thus contains the 
information of the longest straight fines in the complete image. 


Among the low-level vision problems, texture discrimination is certainly one of 



CHAPTER 1. INTRODUCTION 


3 


the most difficult. Despite the fact that textures are quickly preattentively discrim- 
inated by a human observer, there is still no appropriate model for textures. The 
perception of textures depends upon local and not pointwise properties However 
there is no predefined neighborhood size over which textures can be analyzed. In this 
thesis the pyramidal algorithm for texture discrimination is discussed. The pyramidal 
approach is of importance since we have all reduced resolution versions of the original 
image. Thus we need to apply only fixed size 3x3 feature detector masks to different 
levels of the pyramid [3]. This is equivalent to applying filters of increasing size to 
the original image. 

The key issue in many dynamic scene analysis problems is that of Motion esti- 
mation. It has been an area of research over the past two decades. It has applications 
in a broad range of fields including video coding by motion compensation, data com- 
pression, autonomous navigation and object tracking. Motion estimation requires 
the computation of the Optical flow vectors which gives the time rate of change of 
the intensity values along the x and and y directions. There are two approaches for 
estimating optical flow fields. First one is feature based approach where correspon- 
dence is established betw^een two frames to estimate the flow vectors. Second one 
is the spatio-temporal gradient based approach where motion vector of each pixel is 
estimated. Most of the gradient based approach assume that the intensity variation 
wuthin a neighborhood should be kept linear. This limits the size of the vector to the 
range in which the intensity varies linearly. Moreover these algorithms yield signifi- 
cant error across motion boundary. In this thesis we proposed hierarchical algorithm 
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%vhere interlevel motion smoothness constraint is used rather than the local smooth- 
ness constraint, thereby alleviating the above problems. The multigrid technique is 
used in the algorithm which increases the speed of the algorithm [4]. 


Organization of the Thesis 


Chapter2 describes the real-time image processing system (RTIPS) used for imple- 
menting the hierarchical algorithms. The system organization followed by the build- 
ing of pyramid, using this system, is also discussed. 

In Chapters we describe the implementation of the hierarchical algorithms for line 
extraction based on Hough Transform (HT) , Texture Discrimination using the energy 
map of the pyramid and Optical Flow Estimation on the RTIPS. 

Chapter4 gives the results of the algorithms described in Chapters. 

Chapters concludes and brings to view some further scope of research in the related 


field. 




Chapter 2 


The Pyramidal Architecture for 


Real-Time image processing 


The two configurations for parallel processing that are commonly used can be 
classified as: 

(1) ha which the processors can share centralized global information. But this con- 
figuration requires complex mutual exclusion and synchronization. 

(2) In which the global information of the image data is distributed to all processors. 
Each processor can then work on its sub-image, making use of global information. 
This configuration requires that every modification of the global information is re- 
ported to all the processors in order to maintain overall consistency. These drawbacks 
of the above systems slows down the execution process and decreases the degree of 
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parallelism in both the systems. 


2.1 The Pyramidal system 

To increase the speed of the processor the volume of data to be processed is to 
be reduced . This approach is related to the concept of multiresolution. There is also 
a need for a system in which the inter-processor communication is very fast so that 
no overheads are involved while transferring the data. Thus we are looking for an 
architecture that achieves data reduction and can handle both local-distributed and 
global-centralised information (data). This architecture is known as the pyramidal 
architecture. In this architecture each higher level has one fourth of the data at the 
immediate lower level. The lower level has the local information (the intensity values 
of the pixels) of the image whereas the higher level has more global information (such 
as the averaged pixels information from the lower level) . The pyramidal architecture 
thus is a useful compromise between the need for a parallel architecture and the 
hierarchical representation of the image at different resolutions. 

2.1.1 The Pyramid model 

The pyramidal model can be characterized by: 




a tessellation of the image plane; 
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• a set of(elementan’-) processors; 

• a hierarchical communication network. 

e shall only consider the pyramids with regular square tessellation. 

2.1.2 Communication within the pyramid 

The communication within the pyramid is made of two kinds of links.They are: 
(1) Horizontal, i.e. intra-level links 

This link is between the processors on the same level (k) of the pyramid. This link is 
represented by a relation between the pixels of the adjacent processors, let r){P,Q) 
be the relation defined on Image (k is the level) as follows: 

r]{P. Q) = Pixel P is a neighbor (brother) of Pixel Q i.e. P and Q belong to adjacent 
processors on the same level. 

Ob' 

T] is non-reflexive, symmetric and non-transitive. 

f 

The neighbors are defined according to their connectivity. The 4-connectivity and 
8-connectivity based neighbors axe shown in figure 2.1. (2) Vertical, i.e. inter-level 
links 

This hnk is between the processors on the adjacent levels of the pyramid which is 
defined by the following relation between the pixels: Let be the relation defined on 
the pyramid by 
9f^(P, Q) = P is a parent of Q. 
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Figure 2.1: The 4-connectivity and 8-connectmty based neighbors 

That is pixel P is at a level exactly above Q. SR is non-reflexive, antisymmetric and 
non-transitive [3]. 

2.2 Types of pyramid 

Depending on the arrangement of the processors, the pyramidal models are 
classified into two major types: 

(1) Bin-Pyramid 

The architecture is called a Bin-Pyramid if every node has two children. In order to 
achieve complete coverage of the image, we must alternate row-children and column- 
children. However it is very costly because it has — 1(N is the number of levels 
in the Pyramid) nodes and the number of levels is also large(2N-fl). 
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(2) Quad-P}Tamid 

This is the most common architecture. In this case, every node(x,y,k) has four children 
(2x. 2y, k-1), (2x+l, 2y, k-1), (2x, 2y+l, k-1), (2x+l, 2y+l, k-1) and one parent (x/2, 
y/2. k+l) where the division is an integer division. In this architecture the number 
of nodes is |.2^^ and the number of levels is N+1 which are much less as compared 
to those in Bin-Pyramid. The quad pyramid is shown in figure 2.2. 

An overlapped Quad-Pyramid is obtained if we add the neighbors of four central 
children (using 8 connectivity). Thus for any node, there are four pairent cells at the 
level just above and sixteen children at the level just below it. We have used this 
configuration for our system. The parents are (|, |, k-hl) (|, |-f 2(j/ mod 2) -1, k+l) 
(| -f 2{x mod 2) - 1, |, fc -1- 1) (| -1- 2{x mod 2) - 1, | -h 2{y mod 2) — I, k + l). The 
children are (u.v,k-l) where u=2x-l,- • •,2x-f2 and v=2y-l,- • •.2y-|-2. 


2.3 System Description 

2.3.1 System topology 

The topology of the system is shown in figure 2.3. The system comprises of 4 
processors at the base and one at the apex in the form of a pyr ami d. The processor 
at the apex has the following functions 

(1) receives the image data, 

(2) preprocess it. 
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N 



Figure 2.2: Quad-Pyramid : N+l is the number of levels 
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Figure 2.3; Topology of the system 

(3) divides it into 4 subimages (each 

(4) passes the subimages to the processors at the base. 

Each processor at the base builds a sub-pyramid by operating on the subimage. The 
processor at the apex finally combines the results from all the sub-pyramids. 


2.3.2 System block diagram 

The block diagram of the RTIPS that has been configured is shown in figure 2.4. The 
s}.'stem consists of three parts. (1) Host computer (2) Frame grabber and (3) DSP 


cards. 
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Figure 2.4: Block diagram of the system 
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• Host computer 

The host used is an IBM-PC, Pentium (lOOMHz). The functions of the host 
computer are (a) to download code to the processors in the frame grabber and 
the DSP cards and (b) to get any frame of interest for further analysis. 

• Frame grabber 

The Oculus-F/64-DSP card (ISA bus compatible) made by Coreco Inc. is used 
to grab the video signals [5]. It can support various kinds of cameras. Up 
to four analog cameras, (one capable of accepting differential signal) and one 
digital camera(with 8/10 or 12 bit data path) can be connected to this frame 
grabber. It is capable of acquiring data at a rate of up to 40 million pix- 
els/second. The frame grabber includes a TMS34020 graphic signal proces- 
sor (GSP), TMS320C40 DSP, IP-Engine and a Real-time Histogram Processor. 
Functions of each processors on the frame grabber are as follows. 

1. TMS34020 GSP (40MIPS) : 

It is responsible for the acquisition control (up to 40 million pixels/second) and 
display with basic image processing functionality. 

2. TMS320C40 DSP (25MIPS, lOOMFLOPS peak) : 

This DSP can be programmed for enhanced acquisition sampling rates as well 
as for powerful image processing functions. All computationally intensive pro- 
grams are run on this processor(This is the processor which acts as the apex of 
the pyramidal structure). Besides this it gives the communication interface to 
other TMS320C40 DSPs on the DSP cards through its full duplex communica- 
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lion channels. 

3. IP-Engine(40MIPS) ; 

This performs real-time image averaging, subtractions and logical operations. 
It is custom piogiammed 

4. Histogram Processor : 

This is a real-time histogram processor which produces histograms on image 
frames. Real-time histograms facilitate intensity analysis, object identification 
and object detection. 

5. Memory • 

VRAM frame buffer 2MBytes, DRAM frame buffer 1 MByte, GSP program 
memory 1 MByte standard, expandable to 32 MBytes, Maximum VRAM mem- 
ory expansion IGMBytes, Maximum DRAM memory expansion 32 MBytes, 
Overlay memory expansion 4 MBytes. 


• DSP Cards 

The SPIRJT-40 cards(ISA bus compatible) made by Sonitech International, are 
used for computationally intensive image processing functions [6]. The key fea- 
tures of the SPIRIT-40 are: 

1. Spirit-40 card contains two TMS320C40 DSPs. 

2. Four independent 32-bit R.AM banks (2 local/private, 2 global /dual- access). 
Each bank holds 256k x 32 of 0 wait-state SRAM, for a total of IM x 32 of 


SRAM 
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3. Ten C40 communication ports (five from each C40) available, with 20 
MBytes/sec. transfer rate. 

4. Real-time operating system(RTOS) application programming interface sup- 
port. 


The processors TMS320C40 used in SPIRIT-40 offer the following fea- 
tures [7]. 

1. 40ns single-cycle instruction execution time. 

2. 20MBytes/sec. transfer rate/communication port(there are 6 comm ports). 

3. Six on-chip DMA controllers for concurrent I/O and CPU operations. 

4. Two Ik X 32 bit single-cycle dual access on chip RAM blocks. 

5. 128 X 32 bit instruction cache. 


2-3.3 Application Development on the RTEPS 

To develop programs on the RTIPS we need to program all the sub-systems, viz. 
the PC, the TMS320C40 DSPs available in the frame grabber and in the SPIRIT-40 
card. So corresponding to every application, there should be executable codes for all 
the processors, all the DSP chips, the frame grabber components and the PC. It is 
upto the programmer to decide the interprocessor communication timings, data etc. 


Normally for a real-time image processing application the flow chart would be 
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as follows: 

1. Develop executable codes for all the DSPs (one in frame grabber and two in 
SPrRIT-40). 

2. Download executable codes (*.out files) to the respective DSPs. 

3. Get the image frame from frame grabber. 

4. Distribute the frame data among the DSP processors. 

5. Do the computationally intensive operations in DSPs (provided the algorithm is 
parallelizable). 

6. Once the computation is over, get the processed fragmented data from various 
DSPs and reassemble to get the complete processed image frame. 

7. Transfer the processed data to the display. 

8. Repeat the processes from 3 for the next frame data. 


2.3.4 Speed performance of the System 

Assuming frame frequency to be 25frames/second, the data is to be communicated 
and processed within 40ms. For. a frame of resolution 512 x 512 the data to be pro- 
cessed is 256kwords, i.e., IMBytes. Since the communication port has 20MBytes/sec. 
transfer rate, IMBytes data can be transferred within 12.5ins. The processed data 
is to be send back to the apex (processor 1). So the total time required for inter- 
proc^sor communication is 25ms. The remaining 15ms. of the frame time is available 
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for processing, within which each processor can execute 375k (15ms/40ns) instruc- 
tions. Most of the hierarchical algorithms for computer vision applications can be 
implemented within this limit (375k instructions). 


2.4 Building The Pyramid 

A hierarchy is defined as a set of layers, each of them corresponding to a given 
level of abstraction. Let I be an image of size 2^x2^ . In order to construct the 
pyramid the image is smoothened by a filter (in order to remove the high frequency 
components) and downsampled by 2. Thus the subsampling of the 2D signal combined 
with a smoothing process is done by a discrete convolution given by: 


Tn=-M n=M 

G[J](i, j) = ^ ^ u;(m,n).J(2« + m — z, 2j + n — 2 ) (2.1) 

m=l n=l 

where 

• M is the width of the convolution mask. 

• z is a constant z=int(^^^). 

. (ij) € [0,2^-i-l]x[0,2^-i-l] 

Downsampling means that, in effect, the generating kernel doubles in size relative to 
the original image. Thus the band limit of pyramid levels decreases in octave [8]. W 
is usually a low pass filter. 
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The following constraints are proposed for the generating kernel [9]: 

(a) Normalization 


m=M 

H n) = 1 (2.2) 

771=1 n=l 

The property domain is thus kept at its previous value(no gain, attenuation or am- 
plification). 

(b) Symmetry 

u'(m. n) = w{M + 1 — m, n) = w{m, M + 1 — n) = w{M + 1 — m,M + l-n) (2.3) 
for all m,n 

This constraint is a consequence of the absence of an absolute coordinate system in 
an image. 

(c) Unimodality 


0 < w{m, n) < 'w{p, q) for m < p < — and n < q < -— (2.4) 

This constraint makes sure that the larger weights will be at the center of the mask. 
Thus it contributes to preserving the continuity of the signal. 

(d) Equal contribution to the next level 

In order to avoid distortion of the signal, all pixels of I must contribute the same 
total weight to each pixel of G[I]. This constraint is automatically satisfied for the 


even kernels: 
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‘-2 ‘■ J -2 ]_ 

Y2 X! + m, + n) = - /or T72, n = 1, 2 (2 5) 

t=0 j=0 

(e) Separability 


W = w\.W 2 i.e w{m,n) — w(rn).w{n) 


( 2 . 6 ) 


In particular case wi=W 2 =v/ is generally assumed. W is valid for building scale-space 
representation of an image only if the number of local extrema in the convolved image 
does not exceed the number of local extrema in the original image. The Gaussian 
kernel has been proved to be the only function satisfying this constraint [3] . For very 
high speed computational purpose the Gaussian kernel can be approximated by a set 
of binomial masks. The generic kernel W 2 is |(1,2, 1). By successive multiplication of 
this simple generic mask, we get a set of odd masks. For instance 
IU4 is ^(1.4, 6, 4, 1). 


The general formula for the generic kernel is 


Wfe = ^( 


0 

k 


1 

k 


- -f 1 

k 


1 

k 


0 
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Figure 4.1 shows the Gaussian pyramid of the Lenna image. The generic kernel used 

is wz = |(1, 3, 3, 1). Using equation 2.6 we obtain the filter which is ; 
r 1 3 3 1 ■ 

3 9 9 3 
3 9 9 3 
13 3 1 


X 

64 



Chapter 3 

Description of Hierarchical 
Algorithms 

3.1 Straight line extraction 

The problem of line detection is one of establishing meaningful groups of edge 
points which lie along straight lines. A classical way to detect edge points which 
satisfy a coUinearity constraint is the Hough transform (HT) . The HT has also been 
applied to the detection of edge point groups which lie along other analytic and 
non-analytic curv^es [2]. 
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Figure 3.1: p, 9 representation of straight lines 
3.1.1 Pyramid Hough Transform for line extraction 

Basically the Hough transform operates by mapping each edge pixel(x,y) into 
Hough space (p, 9). WTiere 9 is the slope of the detected edge and p is the perpendic- 
ular distance from origin to the Hne through the edge point, having slope 9 as shown 
in figure 3.1. From the figure 3.1 it is clear that 


p = X cos9 + y sin9 


(3.1) 



CHAPTER 3. DESCRIPTION OF HIERARCHICAL ALGORITHMS 


22 


Under the above transformation, a set of collinear edge points map into the same 
position in Hough space. Thus a compact description of straight lines is obtained. 

Signal to noise ratio of the Hough transform is higher for smaller blocks [3] 
Making use of this fact, each layer in the pyramid is split into a number of subimages 
At the bottom level of the pyramid short line segments are detected by applying a 
Hough transform to small subimages. We start from a local description of contours in 
terms of short line segments which is obtained by applying HTs to a large number of 
overlapping subimages which cover the original image. The method proceeds from this 
low-level description in a bottom up, hierarchical manner grouping line segments in 
local neighborhoods into longer lines. The grouping mechanism used in each parent is 
based on a HT type algorithm. Line segments which are found to have Zocal supporti.e 
which form strong groups propagate up the hierarchy and take part in grouping at 
higher levels while lines with no local support at a particular level terminate (there 
are a number of ways in which local support can be defined). Hence a hierarchical 
description of the line segments is obtained since length determines approximately 
the level to which a segment propagates. The method maintains an insensitivity to 
missing data points and is very efficient [2]. 


3.1.2 Line Segment Grouping 

A group is a set of feature points which satisfy some constraint. In the case 
of collinearity' we can express this constraint in an analytic form. For example edge 
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points, X = . X. y, o), which lie along a line satisfy 

Po = X cos9o + y sin6o , (f) = 9o (3.2) 

for a particular value of {po,9o), where po is the distance from the origin to the 
line (edge) along a direction normal to line and 9o is the angle of this normal with 
respect to the x axis . A collinear group could be thought of as a set with attributes 
(po- 9o). 

G(po,9o) = {A'’i , ••• , 1 po,9o} (3-3) 

The constraint given in equation 3.2 will not be satisfied exactly for a number 
of reasons: 

(1) finite resolution of the imaging system, 

(2) roughness in the actual lines, and 

(3) edge poinns are defined on a discrete grid. 

The discrete representation implies that the exact constraint will be violated in re- 
spect of both o and p and a more reasonable approximate constraint for determining 
collinearity is 


Ap A p 

Po ^ < X cos9o + y sm9o < Po + -j- 


(3.4) 


and 

Afl A/9 

9o — — < < ^0 + (3.5) 

Here Ap is fixed, say 1.5 pixels. 

A9 is function of subimage size. A9 is inversely proportional to the size of the window. 
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The votes(for grouping) are accumulated according to the constraint of equa- 
tion 3.4 and 3.5. That is we define a sampling of the parameter space and for each 
feature point we accumulate votes for each set of parameters which satisfies the con- 
straint. This is similar to the quantization method, except that the sample spacings 
(denoted here by and 0 a ) has been decoupled from the constraints as'expressed by 
Ap and A0. The sampling rate should be high enough to distinguish all lines which 
could be present in the discrete subimage. The number of orientations which can be 
distinguished depends approximately linearly on the image size. The 0 sampling rate 
chosen is 0 a = :^ 

where L is the length of the central portion (retina) of the subimage as shown in Fig- 
ure 3.2 . The particular samples chosen were 


0^ = — k = 0--- 4L-1 
4L 

The p sampling rate is pa=0.5. 

In this work we have used the following range for the parameters: 



and 


0 < 0 < TT 


(3.6) 


(3.7) 


(3.8) 


We can weaken the proximity constraint by using larger local neighborhoods and 
fewer levels in the p3Tamid. However, it seems that the actual requirements are not 
fixed and should be a function of the complexity of the scene. In simple scenes w^hen 



CHAPTER 3. DESCRIPTION OF HIER.\RCHICAL ALGORITHMS 


25 


I 


Overlapped Subimage 
^ Size 

2L=16 



Retina 


Figure 3.2; Overlapped subimage used in Line Extraction 
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the feature density is low stringent proximity constraints are neither necessary nor 
desirable As the scene complexity increases the imposition of proximity constraints 
becomes more important. 

3.1.3 Algorithm 

A conventional pyramid is employed with (P+l)levels. In our case P=4 At 
each level 1, the image is divided into x subimages, where P is the top level 
of the pyramid, representing the complete image. The algorithm proceeds in a bottom 
up manner starting with a description of the image in terms of line segments detected 
in the subimages at the bottom level (level 0). These line segments are detected by 
applying a conventional HT algorithm to the set of edge points found by any edge 
detection method and thresholding. Since the HT is calculated m a small subimage 
the problem of differentiating between a true line and a random alignment of points 
is reduced. The lines are reconstructed using the end points in the groups and so 
even if the intermediate points are occluded their absence is taken care of to certain 
extent. The method is also relatively efficient since only a small accumulator array is 
needed to represent all possible lines which pass through a subimage. 

(a) Processor 1 (Refer figure 2.3) detects the edge pixels of the base. Let the gradient 
magnitude and direction be m(x,y) and 0{x,y) respectively. ( Refer [10] for edge 
detection.) 
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(b) Each of the 4 processors receives the x, y. m, p values corresponding to the ^ x 
A block from processor 1. 


(c) At each processor the image is further divided into sub-blocks. Thus the bottom 
level of the pyramid consists of subimages, regularly arranged on the retina and the 
1 initial description identified local line segments from these subimages. The subimage 
size determines several properties of the line segment detection. Small subimages can 
be useful m complex scenes since in a local view leads to a HT which is straightforward 
to interpret and has little chance of forming spurious groupings particularly if the 
detection threshold is high. Thus good results can be obtained at low computational 
cost by choosing smaller sub-blocks. However, making the subimage too small can 
result in an algorithm which is sensitive to missing edge points. We have chosen the 
overlapped subimage size as 16x16. Each processor then finds best threshold (from 
the histogram of each subimage) to apply to the magnitude of its edge pixels in these 
sub-blocks. 

(d) Each processor finds best partition of (p, 6) values in these sub-blocks. At the 
lowest level a group consists of a set with one member and each subimage will contain 
a list of groups which represent the line segments passing through it. The parameter 
space limits imposed on the HT determine which lines passing through the subim- 
age will have detectable peaks. Once the HT is accumulated the results must be 
interpreted as evidence for line segments in the image. Simple thresholding does not 
provide adequate performance. Our results have been obtained by accumulating the 
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HT, finding the maximum, removing points from the edge list which contribute to 
this maximum, and reaccumulating the HT to find further peaks. Obviously, for a 
HT applied to the full image such a method would be inefficient, since a separate HT 
must be accumulated for each line found in the complete image. However, given a 
small subimage the number of lines present is small (usually 1 or 2 for 8x8 subimages) 
and therefore the HT is accumulated for small number of times. Also, a large number 
of the edge points are usually associated with single line segments and therefore sub- 
sequent accumulations use a much smaller set of edge points. Under these conditions 
the method becomes quite efficient. The process of repeated accumulation is termi- 
nated when the peak found falls below a preset threshold. The threshold is usually 
chosen to be 50% of the overlapped subimage size. In our case, since the subimage 
size is 16x16, the threshold is 8. 

(e) For each processor the parent at level 1 gets the information of groups from the 4 
children. At level 1, more global groups are formed by allowing each segment detected 
in the siblings (from level 0) to vote for lines in the parent accumulator. If each sibling 
line segment gives a single vote for the lines which it could be a part of, parameter 
values with two or more votes represent possible groups and these are examined on 
a best first basis. For each peak found a new group is determined as the union of all 
contributing groups and is given the parameters defined by the position of the peak 
in the parent HT. Hence each group above the lowest level in the tree has a set of 
attributes determined from the local HT and a list of subimages from the lowest level 
which represent the extent of the line. Several conditions are imposed to determine 



CHAPTER 3. DESCRIPTION OF HIERARCHICAL ALGORITHMS 


29 


whether this new group is valid. If the size of the new group is larger than any of the 
contributors i.e, if we label contributors G,{p^, 9,) and call the newdy formed group, 
G'{pq.9q) we must have 

G'{pq,9q) D Gt{p^,6i) and G'{pq,6o) ^ Gi{pz,9i) for all i (3.9) 

and if the contributors come from connected sibling subimages then the new group is 
valid and all the contributors are removed from the line segment lists in their origi- 
nating subimages. If equation 3.9 is not true then we must have G'(po, ^o) = G^{p^, Of) 
for some i. The new'^ group is not formed in this instance and all contributing seg- 
ments except one for which G'(pOi ^o) = Of) are removed from their originating 
subimages. In this case there is no new e\-idence to support the existence of a more 
global underlying line and the line segment should not participate in grouping at 
higher levels. Single votes are ignored and therefore they remain on the line segment 
list in their originating subimage. In this way line segments which have a more global 
significance are propagated up the hierarchy on the basis of local support, while line 
segments with no local support do not participate in grouping at higher levels. The 
grouping process at each parent is thus veri' simple, since only a small number of line 
segments participate. The number of line segments which exist at high levels is small 
owing to the rarity of long lines. 

Since the points are represented with respect to a local origin Xs, Vs and the 
origin of the parent subimage is Xp, yp, the appropriate parameter space curve is 
given by 

p = (po cosOo - (xp - Xs) )cosO -1- (po sinOo - (yp - y^) )sinO (3.10) 
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Letting Ax = Xp — Xs and Ay = yp- with some manipulation we obtain 

p = Po cos{d - 9o) — Ax cos9 — Ay sin9 (3 11) 

(f) Step(e) IS repeated till a single parent at the apex has a collection of all the groups 
from all the subimages of each of the 4 processors 


(g) The processor 1 finally combines the groups from the 4 processors to form a group 
which is the largest and strongest group and represents largest straight edges in the 
image. 


Compared with the classic Hough transform this algorithm achieves economy of stor- 
age space and processing time, because it works with only clusters and never con- 
structs the entire Hough space. 
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3.2 Texture Discrimination 


Texture is made up of individual elements called textons whose distribution 
forms the texture pattern at a macroscopic level. Texture segmentation is defined as 
the division of the image into homogeneous regions where local texture properties are 
approximately invariant. Despite many attempts there is still no appropriate model 
for homogeneous textures [1]. Texture homogeneity is defined only with respect to 
our visual perception. A region is said to have a homogeneous texture if it is preat- 
tentively perceived as being homogeneous by a human observer. The goal of texture 
discrimination is to find a minimum number of measurements that can discriminate 
textures that are perceived to be different These measurements should also remain 
approximately constant m a region where the texture is considered to be homoge- 
neous. The orientation of the texture elements and their frequency contents seem to 
be important clues for discrimination 

To design an effective algorithm for texture segmentation, it is essential to find 
a set of texture features with good discrimination power. Most texture features 
are generally obtained from the application of a local operator, statistical analysis, 
or measurement m a transformed domain. Common features are estimated from 
co-occurrence matrices. Law’s texture energj" measures. Fourier transform domains. 
Markov random field models, local linear transforms, etc [11]. While in most early 
work Textures are analysed in a single resolution, more recently, attention has been 
focused on multiresolution and multichannel texture analysis. 
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Textures can often be described in terms of a two-level pattern At low, or 
microscopic level, this consists of the patterns formed by individual texture gram 
elements, and at a higher, macroscopic level it consists of repetitive patterns formed 
by the distribution of these grain elements. Thus two scale parameters characterize 
these textures: the grain size, and the repetition distance. This emphasizes the role of 
multiscale analysis of texture for their discrimination. To analyze texture, the image is 
convolved with a set of feature detectors. The outputs are then combined to produce 
a unique texture response using energy measure as the criteria for discrimination [3]. 
Even simple texture contains features at more than one resolution. Therefore to 
extract features with different frequency contents we need to apply filter of different 
sizes ( 1 e different band widths). This implies that we must use more than one size 
for masks Thus the disadvantage of this approach is that we have to choose the size 
of the mask. In hierarchical approach however, this can be taken care of as we need to 
apply only a set of 3x3 masks to the image at all resolution levels. The image pyramid 
contains low resolution versions of the original image at higher levels. Therefore when 
we convolve the higher level with the same 3x3 filter, effectively more region of the 
image is masked by the filter as compared with that when filtering is done at the 
lower levels. Thus effectively the filter size is increased when we apply the 3x3 mask 
to the image at higher level. Thus the problem of deciding the filter size is taken care 
of in this approach. 
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3.2.1 Algorithm 

Here we present the method of building a texture pyramid based on multiscale feature 
analysis. The first part(steps 1-3) of the algorithm consists of building the /eature 
pyramid. 

1 Compute intensity pyramid from level 1 to N(number of levels). Refer section 2.4 
for building the pyramid. 

2 Compute the feature response for each level. 

In this step we convolve a set of 3x3 masks with the images at all the levels 

= M,{P) Gt{P) + y M,(Q).GM) f0Tl<j<J (3.12) 

QE Brother s{P) 

where J=8. the number of masks(feature detectors). 

Here G is the Gaussian pyramid image, 
k is the level of the pyramid. 

Mj is the mask or the feature detector (j=l to 8). 

'‘Q IS brother of P "implies that pixel Q is a neighbor of R 
The feature detectors used are 


- 1 - 2-1 

-10 1 

1-21 

1 0-1 

0 0 0 

-2 0 2 

0 00 

20 2 

1 2 1 

-1 0 1 

1-21 

1 0 -1 
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-12-1 

-1 -2 -1 

1 0 -1 

1 -2 1 

-24-2 

2 4 2 

00 0 

2 4 2 

-12-1 

-1 -2 -1 

1 0 1 

1 -2 1 


Th6se feature detectors are set of masks which are the discrete versions of the basis 
functions defined by Laws [3]. These masks compute local differences in various simple 
spatial configurations. The energy measure thus represents the distribution of edges 
and other local features in the image 
3. Compute the texture pyramid for each level 

h[P) = ZlMP)] ( 3 . 13 ) 

J=1 


Add the responses from all the masks at a given level to give the feature response of 
that level. The feature response from all the levels gives the feature response pyramid. 
Apply threshold to Fk{P) 


Fk{P) 


{ 1 ifFkiP) > Sk 


(3.14) 


0 else 

Sk is the threshold obtained from the histogram of the summed image. 


Of course, one can summarize the feature response by taking the sum itself. But, 
since thresholding produces binary images, no normalization is needed 
We now consider the next part of the algorithm i.e. building the energv' pyramid E 
for the texture pyramid F obtained from the above steps. 
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4. Compute the texture energy- for each level 

Bk{P) = j2MFm (3.15) 

where Eki[F]{P) is the energ}' obtained in point P(x.y) at level k, from signal at level 
I- Eki[E]iP)- the texture energy, is the sum of the energy' of the texture pyramid 
at that scale(/). Since the texture pyramid is composed of binary values, the energy 
Ekt[F]{P) is simply the amount of texture of scale / in the receptive field of cell P. 

5 To get the final output we project and sum all the levels of the energy pyramid 
(from a given level H) i.e. the energy responses are averaged. 


Th{P) = Eh{P) 

T,{P)=Ek{P)+n^AQ) 


(3.16) 

(3.17) 


where Q is the parent of P(i.e Q is at higher level than P). 

H is the range over which the energy response is averaged. Thus T.E.M is a function 

of H. We recursively solve equations 3.16 and 3.17 till we reach level l(at the bottom 

level k=l) where Ti is evaluated. Ti is the texture energy- map(T.E.M.). T.E.M. 

indicates the amount of texture in the neighborhood of each pixel. T.E.M. is helpful 

fpr general image analysis and provides an initial decomposition of the image into its 

main components which is used for texture segmentation. 

'12 1 ' 


The projection operator used is 


2 4 2 
1 2 1 


which is two-dimensional bilinear interpolation [12;. 

The result of the Texture Discrimination algorithm is given in chapter 4. 
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3.3 Optical Flow Estimation 


A \ isual motion perception plays important roles in many areas, such as per- 
ception of 3D structures, tracking of moving objects, and segregation of visual field 
into meaningful segments. The perception of visual motion depends on the intensitv 
variation with time throughout the visual field. The temporal shift of observable 
gray value structure forms the flow field of visual patterns on the image plane. This 
field, which is called an optical flow, specifies the instantaneous velocity of the corre- 
sponding image component. In general, there are two approaches in estimating the 
optical flow fields. The first is the /eature based approach and the second one is the 
spatio-temporal gradient based approach. 

Gradient based optical flow estimation algorithm makes use of the spatio-tempo- 
ral gradient relationships in the local neighborhood within which the displaced point 
resides. However, the spatio-temporal gradient relationship only estimates the motion 
in the direction of gradient. In order to alleviate this problem. Horn and Schunck [13] 
explicitly formulated a local smoothness constraint on the motion vector. More specif- 
ically. by assuming that the flow field varies smoothly with the image coordinates x 
and y(i.e. local smoothness is assumed), they showed that a complete motion vector 
could be found. However, it is noted that the local smoothness constraint yields a 
significant estimation error across the motion boundaries. 

The success of the gradient based approach is dependent on the image char- 
acteristics of the neighborhood. Computation of optical flow uses the optical flow 
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constraint (equation (3.18)) together with an additional assumption. The assump- 
tions include one of the following [14]: 

(a) optical flow is smooth and neighboring points have similar velocities, 

(b) optical flow is constant over an entire segment of the image, 

(c) optical flow is the result of restricted motion, for example, planar motion. 

Most gradient based algorithm such as Horn and Schunck’s assume that the intensity 
variation m the local region should be kept linear, since the gradient is essentially a 
linear approximation of the local image characteristics. Thus the maximum size of 
the motion vector is determined by the range in which the intensity varies linearly. In 
the other words, the image characteristics affect the range of the motion vector that 
can be reliably estimated by the gradient based approach. To cope with this problem, 
both Terzopoulos [15] and Glazer [16] applied the pyramid structure and multigrid 
method to Horn and Schunk’s algorithm. The basic idea of using a pyramid structure 
is that the relatively large motion vectors can be estimated at the coarse level by 
allowing the intensity variation linearly over the large areas. However the algorithms 
employ the same motion smoothness constraints as in Horn and Schunck's and as 
a result both algorithms result in the smoothed optical flow fields and considerable 
errors especially in the motion boundary regions. 

In this section we propose an optical flow estimation algorithm based on spatio- 
temporal gradients using the Gaussian image pjTamid. The Gaussian pyramid is 
obtained by repetitively applying Gaussian filter and dowmsampling the image as 
discussed in section 2.4. Since the Gaussian pyramid has the smoothed versions of 
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the original image the motion vector at each pyramid level is also a low pass filtered 
version of the motion vector at the finest level. Thus the interlevel motion smoothness 
constraint is introduced in the motion estimation. The overall smoothing effect in the 
flow field is reduced as compared to the methods based on the conventional spatial 
smoothness constraint.The employment of the pjTamid allows us to estimate large 
flow vector and to adapt easily the multigrid technique to improve the convergence 
speed of the algorithm. 

The flow field at each pyramid level varies smoothly as the level changes. There- 
fore by using the interpolation and averaging operators to establish the appropriate 
relationship between two adjacent pyramid levels, we can formulate the interlevel 
motion smoothness constraint to minimize the \'ariation of flow across the pyramid 
levels. 


3.3.1 Formulation of interlevel motion smoothness constraints. 


The optical flow equation for the motion vector U (u,v) is 

IxU + lyV It = 0 ( 3 . 18 ) 

where I^ and ly are spatial gradients along x and y directions and It is the temporal 
gradient defined as follows 


r dlix,y.t) 

“ dx ' 


di{^,yD flTid L — 

dy ~ dt 


Ix and ly are obtained by applying edge detector operators to the image and L is ob- 
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tained by taking the time difference between two consecutive image frames (assuming 
time interval=l). 


The averaging and the interpolation Pj^^i operators used are 


pfc+i _ 1 
- 16 


12 1 ' 
2 4 2 
1 2 1 



12 1 
2 4 2 
1 2 1 


The additional constraint required for solving equation 3.18 is given by interlevel mo- 
tion smoothness constraint which requires minimization of which is defined 

as 


Ciu^.v^) = 4- (3.19) 

Then the estimation of the flow vector U^{u^,v^) is equivalent to the minimization 
of 

E(u^u'=) = J y[(/V + jy (3.20) 

The second term in the equation 3.20 is the deviation from the smoothness constraint. 
a is the Lagrange multiplier constant(0.6 in our case). 

Making the partial derivative of E{u'‘,v'‘) vdth respect to and equal 0 gives the 
following Euler-Lagrange equations 


{a" + 

(3.21) 

+ liiy = - J‘/‘ 

(3.22) 


Using the Jacobi relaxation technique [17] for sohing equation 3.21 and 3.22, we 



CHAPTER 3. DESCmPTION OF HIERARCHICAL ALGORITHMS 


40 


have the following iterative equations 


where, 


yk _ ^proj _ 

(3.23) 

yk - yproj _ Jk^ 

(3.24) 

P = 

(3.25) 

D = a‘^+ (4)2 + (4)2 

(3.26) 


Steps in relaxation technique 
A basic relaxation consists of the following steps: 

(1) Updating the finer level k (using equation 3.23 and 3.24 ) employing the pro- 
jected flow vectors from level k+1. 

(2) Fine to coarse(i.e. level k to level k+1) projection of the updated values. 

(3) Updating at level k+1 (using equation 3.23 and 3.24 ) employing the projected 
flow \'ectors from level k. 

(4) The coarse to fine(i.e. level k+1 to level k) projection of the updated values. 
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3.3.2 Multigrid method in relaxation. 

One of the problem encountered with the relaxation method is its slow conver- 
gence behavior. The relaxation methods are knovm to be very efficient in smoothing 
errors [12]. After a few iterations on a given grid the high frequency error is con- 
siderably reduced while the low frequenc}' error remains. The low frequency error 
is responsible for the slow convergence. In order to speed up the convergence, the 
multigrid method is used. When the convergence slows down we can approximate the 
remaining problem on the coarser grid (next higher level). The remaining error is at a 
higher frequency on the coarse grid, hence further relaxation at this level can reduce 
it effectively. When convergence is attained at the coarse level, the solution can be 
interpolated back to the finer grid(next lower level). Thus approximate solutions are 
sent down to the finer level after they have converged. W^hen convergence slows at 
finer level they are sent up the pyramid for coarser processing. Different grid levels 
solve the problem in different spatial frequency bands[16]. Multigrid methods can 
converge in essentially 0(N) number of operations, where N is the number of nodes 
in the grid. This can be compared to the complexities of O(N^) operations for the 
solution by standard (single level) relaxation [15]. Therefore, in image analysis appli- 
cations, where N tends to be very large(order 10" - 10®, or more), multigrid method 
offers potentially dramatic increases in efficiency over standard relaxation methods. 



3.3.3 Algorithm 


v’’’ = v'” = 0 

k=l 

Uiil.ii U' lias coitvcigod Do 

Bngin 

t/A' = 

'‘.T /) 

.V /; 

yvroj = 

k i~ k -1- 1 


h’' - ll’""’ 

- 7^ V. 

-'r 1 ) 

_ ^p„oi 

-/ir> 

1! 


Xp"'’ 



k i — k — ] 


If( U^' has convorgofi ) Thou 
If /c > 1 Thou 
k i — k — I 

U’' (?/'•" --rl'UP) 

End If 


;start al, finest level 

;clo iclaxation sweep 

;i)rojcet to next high 
level (average) 

;coine up 


ipiojeet down i e.inteipolat.e 

;come down (one relaxation over) 

;if solution eonverges at 
coarse level then ])rojeet 
the solution to fine level 
and a, (Id coneetion 


Else If (slow convergence) 'J’hou 
If /-: < M Tlicn 
k 4- A; + I 

End If 
End If 
End. 


;if slow conveigence at 
fine level, then ])toiect nj) 
for coarse processing and 
set the eiror threshold 
foi next level 



CHAPTERS. DESCRIPTION OF HIERARCHICAL ALGORITHMS 


43 


The error at level k is given by norm of 

{a^ + + 

{a^ + - o?v^^oo + I^I^ 

Convergence is measured using L 2 norm of the error residual. The error must be 
below threshold. The threshold at the finest level(level 1) is supplied by the user. 
Threshold for intermediate levels is set when we project the solution up, which is 0.3 
times the error at the finer level. Convergence is slow when the ratio of errors at a 
given level in the consecutive iteration is greater than 0.6. Chapter4 gives the results 
of the discussed algorithm applied to an image of a square block increasing in size in 
all directions and an image of a circle(ball) moving towards right. 



Chapter 4 


Results 


This chapter includes the results of the algorithms discussd in chapters. The 
system topology has been simulated by using only rn'o processors in a SPIRIT-40 
board. For implementing these algorithms we have used P.C. (Pentium) as the main 
interface between the user and the processors. The P.C. downloads the code and the 
data(half of the image data to each DSP) to the processors. 

The straight line extraction algorithm was applied to the image of a cube(image size 
was 256x256). The overlapped subimage size chosen was 16x16 with the central retina 
size of 8x8. The grouping was continued till the 5‘^ level. The two processors were 
used in parallel by dividing the image into 2 equal parts and building the pyramids 
in parallel. The result (bottom one in figure 4.2) shows that the straight lines are 
extracted. These lines are sufficient to identify it as a cube. 
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The texture discrimination was applied to a 256x256 synthetic texture image and the 
T.E.M. was obtained as shown in figure 4.3. The T.E.M. clearly distinguishes the 
two textured regions. 

The Optical flow estimation algorithm was applied to 128x128 image of a square de- 
creasing in size between frames 1 and 2. The square block was of size 60x60 in the 
first frame and it was reduced to 40x40 in the second frame. The optical flow vectors 
are drawn with the scaling factor of 0.09 as shown in figure 4.6. These vectors clearly 
show the direction of motion of individual pixels. The frames were then interchanged 
and the resulting flow vectors obtained are shown in figure 4.7 with the scaling factor 
of 0.02. This algorithm was also applied to the image of a ball moving towards right. 
The radius of the ball was 24. The center of the ball was at (40,40) in the first frame 
and it was shifted to (40,60) in the second frame. The flow vectors are shown in figure 
4.10 with scaling factor of 0.02. Except for the edges(since the edges are not well de- 
fined in the case of the circle), this result also gives the direction of motion of the ball. 


The following table shows the CPU timings of the algorithm implemented on the HP 
UNIX system and the RTIPS. 

Table 1 


Algorithm 

HP workstation 

RTIPS 

Straight Line Extraction 

1.5min 

0.5s 

Texture Discrimination 

2.7min 

0.75s 

Optical Flow Estimation 

3min 

Is 
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Figure 4 1; Gaussian Pyramid of Lenna Image 
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Figure 4 3: Texture Discrimination : Top shows the original texture image and bottom 
one is its T.E.M. 
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Figure 4.4: Gaussian Pyramid of First Image Frame 
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Figure 4.5: Gaussian Pyramid of Second Image Frame 
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Figure 4.6: Optical Flow Vectors (at Levels) ; The square is decreasing in size 
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Figure 4.7: Optical Flow Vectors (at Levels) when the frames are interchanged 
square is increasing in size 
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Figure 4 8: Gaussian Pyramid of First Image Frame 
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Figure 4.9: Gaussian Pyramid of Second Image Frame 
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Figure 4.10; Optical Flow Vectors (at Levels) 


Chapter 5 


Conclusion 


In this thesis we developed a TMS320C40 DSP based real time image process- 
ing system. The evaluated speed performance showed that it is capable of processing 
a large amount of data thus making it well suitable for implementing Hierarchical 
algorithms. We have considered implementation of hierarchical algorithms for line 
extraction, texture discrimination and optical flow estimation on the conflgured sys- 
tem. In the hierarchical algorithm for line extraction, problems which occur in the 
standard HT such as the formation of insignifleant groups are avoided . Figure 4.2 
shows the result of the Line Extraction algorithm applied to the image containing the 
cube. The extracted image shows that the straight edges are clearly delineated from 
the image. The groups at the corners are not propogated up the hierarchy and hence 
there is error at the corners of the cube. A texture discrimination algorithm based 
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on the T.E.M. has been discussed. This algorithm has the advantage that it employs 
fixed size masks. It provides an initial decomposition of the image, which is used for 
further texture segmentation. The result in figure 4.3 shows that the central square 
block(one texture) is clearly discriminated from the background (another texture) in 
the T.E.M. . The optical flow estimation algorithm which used the interlevel motion 
smoothness constraints and the multigrid technique has been described in detail. The 
multigrid technique increased the convergence speed of the algorithm, making it well 
suitable for real-time image processing application. Figure 4.4 and 4.5 shows the 
Gaussian pyramid of the first frame and the second frame respectively of the image of 
a square block reducing in size between the two frames. The flow vectors in figure 4.6 
clearly indicates the direction of the motion of the square block. The error along the 
boundary regions is due to the edge effect which is always found in all the gradient 
based methods. Figure 4.8 and 4.9 shows the Gaussian pyramid of the first frame 
and the second frame respectively of the image of a ball moving towards the right 
and figure 4.10 shows the Flow vectors. The Flow vectors of level 3 are plotted for 
the sake of clarity. 


Future Scope of Work 


The work on the line extraction can be extended for estimation of motion [18]. 
This is a new approach where the objects are uniquely represented by straight lines 
along the boundary and the motion is estimated from the shifts in p, d parameters 
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between the two consecutive motion frames. The Optical flow estimation can be 
used in robot vision(smart sensing) for object tracking. Here the flow vectors could 
be used as the information for the robot so that the robot can adjust its vision 
according to the target motion. Another extension to the work on flow estimation 
could be Video coding. Here the flow vectors are used for motion compensation to 
remove the temporal redundancies. Then the motion compensated error is subjected 
to D.C.T. (Discrete Cosine Transform) [19]. The error, after decoding, is transmitted. 
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